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INTRODUCTION
From picking up a coffee cup to playing the piano, humans can engage in a wide range of manual behaviors, highlighting the staggering flexibility of the hand: The 27 bones and 39 muscles give rise to more than 20 degrees of freedom (DOF) of movement [1, 2] . This versatility is also mediated by a sophisticated neural system: the hand is one of the most densely innervated regions of the human body [3] and the hand representation in sensorimotor cortex is disproportionately large [4] . Additionally, although primate motor cortex lacks a clear somatotopic organization [5] , it nonetheless seems to contain a specialized module for hand control [6] .
The complexity of the hand has called into question whether the central nervous system (CNS) can fluidly control such a complex effector [7, 8] . An appealing hypothesis is that hand postures -which in theory can exist over 20 or more degrees of freedom -are reduced to a lower dimensional manifold to simplify the control problem [7] [8] [9] . Instead of spanning the space afforded by every DOF, hand control relies on a set of synergies that are combined to give rise to manual behaviors. Broadly defined, a synergy is a set of muscle activations or joint movements that are recruited in tandem, rather than individually [10] . This restriction of volitional movements of the hand to combinations of a small number of synergies would then help the CNS achieve fluid manual behaviors. To date, many studies have looked for hand synergies in different movement contexts, with a mixture of evidence for and against the notion that the CNS indeed constrains hand movements to a limited basis set [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] .
The most compelling evidence for synergies stems from analysis of hand kinematics or of the muscle activations that drive them, which seem to occupy a lower dimensional manifold than might be expected from counting the DOFs. Indeed, principal component analysis (PCA) of kinematics of muscle activations reveals that a small number of principal components (PCs) account for most of the variance in the movements, typically measured for a single behavior (e.g. grasping, playing piano, typing) [11, 12, [19] [20] [21] [22] [23] . The more or less explicit assumption underlying the interpretation of this dimensionality reduction is that high-variance principal components (PCs) -the synergies -are under volitional control whereas low-variance PCs reflect motor or measurement noise. Another possibility, however, is that the exquisite control of the hand is mediated by high dimensional sensorimotor signals, and that low-variance PCs are critical to achieving precise hand postures.
The aim of the present study is to assess whether hand movements exist in a manifold whose dimensionality is lower than its theoretical value, defined by the hand's DOFs. To this end, we have human participants perform three manual behaviors -grasping, signing letters in American Sign Language, and typing on a keyboard -while we track their hand kinematics. We then assess the degree to which low-variance PCs are structured by assessing the degree to which they carry information about the manual behavior. For example, humans and non-human primates precisely preshape their hands when grasping objects. Objects can thus be classified on the basis of the kinematics they evoke during grasping even before contact. If low-variance PCs indeed reflect noise, they should bear no systematic relationship with the object to be grasped. However, if low-variance PCs reflect subtle but volitionally controlled adjustments of hand posture to better preshape to the object, these should also be highly object specific. We also investigate the degree to which the space of hand movements depends on the behavior. Specifically, how similar are the kinematic spaces in the three manual behaviors?
METHODS

Figure 1.
Experimental design. A| Subjects performed three different manual tasks with reflective markers placed on their right hand: Grasping objects, signing in American Sign Language, and typing on keyboard. Infrared cameras tracked the 3D trajectories of the markers and joint angles were calculated from them. B| Grasped objects and ASL signs.
Human kinematics
Experimental design
All procedures were approved by the institutional review board (IRB) of the University of Chicago. Eight right-handed adult subjects between the ages of 21 to 40 participated in the experiment. During the experiment, subjects were instructed to perform three different types of manual tasks: Grasping objects, typing on a keyboard, and singing letters in American Sign Language (ASL) (Figure 1A ). All eight subject performed the grasping and typing tasks and three subjects -who had prior knowledge of ASL -performed the signing task. Grasping and ASL involved only the subjects' right hand and only the right hand was tracked during typing.
In the grasping tasks, subjects began each trial by resting their right hand on a table in front of them. The experimenter then placed an object at the center of the table and subjects grasped the object with their right hands, lifted it, and held it up for approximately 1 second before replacing the object on the table and moving their hand back to the starting position. This procedure was repeated five times for each object. Twenty five objects, varying in size, shape, and orientation were used to elicit 30 distinct grasps (some objects could be grasped in several ways; for example, a light bulb can be grasped by the stem or by the bulb, Figure 1B ).
In the typing task, subjects used a keyboard to type two 300-word passages, each divided into four paragraphs of approximately equal length (Supplementary Figure 3 ). The first passage was a "word salad" designed to maximize right hand movements: All words were anagrams of the letters to the right of the "Y-G-V" boundary (inclusive) on a QWERTY keyboard. The words were arranged in written English syntax with common punctuations but did not follow any grammatical rules or carry any meaning. The second passage, taken from the Wikipedia page of neocortex (https://en.wikipedia.org/wiki/Neocortex), comprised approximately equal distributions of letters on both halves of the keyboard.
In the ASL task subjects started at the same position as in the grasping task. On each trial, subjects signed an ASL sign -one of the 26 letters of the alphabet or a number from 1 to 10 -and repeated it five times.
Measurement and pre-processing
Forty one infrared-reflective markers (hemisphere shape, 4-mm diameter) were placed on the right hand of each subject, with two markers covering each finger joint, two on the ulnar and one on the radial bone of the forearm (Figure 1A ). Thirteen infrared cameras (8MP resolution, 250Hz)(Vantage, VICON, Los Angeles, CA) fixed to wall mounts and camera stands tracked the 3D trajectories of each marker, each of which was then labeled based on its respective joint using Vicon Nexus Software (VICON, Los Angeles, CA). We used a musculoskeletal model of the human forearm taken from the fullbody model [24] in OpenSim [25] , which comprises 29 degrees of freedom, including all joints on the human hand and three wrist movement parameters. Scaling the model to each subject, we then performed inverse kinematics to estimate time-varying joint angles using least-square optimization [25] .
Monkey kinematics and neurophysiology
Surgery and experimental design
All animal procedures conformed to the rules and regulations of the University of Chicago Animal Care and Use Committee (IACUC). Surgical and neurophysiological procedures have been previously described [26] and are only summarized here. In brief, two Rhesus Macaques (ae: 6 to 15 years; weight: 8 to 11 kg) were implanted with electrode arrays in the hand representation of sensorimotor cortex: Monkey 1 was implanted with one Utah electrode array (UEAs, Blackrock Microsystems, Inc., Salt Lake City, UT) in primary motor cortex and Monkey 2 was implanted with a semi-chronic microdrive electrode array (SC96, Gray Matter Research, Bozeman, MT), covering large swaths of primary motor and somatosensory cortex. Animals performed a grasping task similar to that described above for human subjects (25 objects, 35 distinct grasping postures) but without the reaching component. On each trial, a robotic arm (MELFA RV-1A, Mitsubishi Electric, Tokyo, Japan) brought an object to the animal's stationary hand and the animal preshaped its hand to grasp it. After grasp, animals maintained contact with the object for 1 to 3 seconds, after which the robotic hand retracted. In a given experiment session, each object was presented eight to eleven times. Thirty-one Infrared-reflective markers were placed on the bony landmarks on the joints of the hand and forearm and their three-dimensional positions were tracked by a 14-camera motion tracking system (MX T-Series, VICON, Los Angeles, CA) while we recorded the responses evoked in primary motor cortex.
Pre-processing of kinematics and neuronal data
Inverse kinematics were calculated using time=varying marker positions and a musculoskeletal model of the human arm (https://simtk.org/projects/ulb_project) [27] [28] [29] [30] [31] [32] [33] implemented in Opensim (https://simtk.org/frs/index.php?group_id=91) [25] . The model was modified to include three rotational degrees of freedom of the first and fifth carpo-metacarpal joints to permit reconstructions of oppositional movements of these digits. In total, we reconstructed the time-varying angles of 29 degrees of freedom, including all movement parameters of the hand and three of the wrist.
Analysis
We included in the analysis kinematics and neuronal responses obtained prior to contact with the object.
Principal components analysis & cross-projection similarity
Kinematic synergies have been identified using principal components analysis (PCA), which expresses hand postural trajectories in terms of a set of orthogonal bases, each of which consists of correlated joint trajectories. We applied PCA to kinematics obtained from humans and monkeys and to neuronal responses obtained from monkeys [34] . To compare PC subspaces across subjects or tasks, we computed the cross-projection similarity [11] . For this, we first calculated the total variance accounted for by the first N PCs of one group (V1). Then, we projected the scores of the first N PCs of that group onto the first N PCs of a second group and computed the total variance explained in group 1 by the projection onto group 2 PCs (V2). Finally, we computed the ratio V2/V1. The ratio V2/V1 approaches 1 to the extent that the second subspace resembles the first. To compare kinematic subspaces across tasks, we performed a PCA on the data from each task pooled across subjects and computed the crossprojection similarity using the first 10 PCs (~95% variance explained).
Classification
Next, we assessed the degree to which hand kinematics were condition-specific. That is, we gauged the extent to which hand postures were dependent on the object to be grasped or the letter/number to be signed. To this end, we used linear discriminant analysis (LDA) to classify conditions based on the instantaneous hand posture (measured in joint angles) 100-ms before object contact or when the ASL sign had been achieved. Classification performance with the full kinematics provided a ceiling of the achievable classification with LDA.
Next, we gradually removed PCs in descending order of variance by reconstructing the hand posture on each trial based on a progressively smaller subset of PCs. We then used LDA to classify the grasped object or the ASL posture with leave-one-out cross validation. That is, we trained a linear discriminant classifier with the reconstructed hand postures from N-1 randomly selected trials (where N is the total number of trials) and used it to classify the final trial, leaving out each trial on successive iterations. Performance was gauged by the proportion of correct classifications. For the classification based on neuronal data, we computed the spike count of M1 neurons (monkey 1: N = 61; monkey 2: N = 63) over a time window before object contact, the duration of which was optimized for each monkey (100 and 200 ms for monkeys 1 and 2, respectively). As was done with the kinematics, we performed an LDA with leave-one out validation based on the resulting vectors of neuronal spike counts then repeated this procedure as we gradually removed PCs.
RESULTS
Subjects performed three tasks -grasping various objects, signing the letters of the alphabet in American Sign Language (ASL), and typing two paragraphs on a computer keyboard -while we tracked their hand movements using a camera-based motion tracking system. We wished to examine the degree to which the structure of hand movements was task dependent and differed across individuals. We also wished to ascertain the degree to which hand movements occupy a low-dimensional manifold.
As might be expected, different joint trajectories were observed when subjects grasped different objects or signed different ASL letters (Figure 2) . Moreover, the kinematics were consistent within condition -grasping a specific object of signing a specific letter -as evidenced by similar trajectories over repeated presentations of the same condition.
Structure of hand kinematics for three manual tasks in humans
First, we wished to reproduce previous findings that much of hand kinematics can be described within a lower dimensional manifold. To this end, we performed a PCA on the joint angles and examined the cumulative variance plot. We found that 3-5 PCs were sufficient to account for 80% of the variance in the kinematics and 8-11 principal components (PCs) accounted for 95% of variance, consistent with PCA is performed separately for each task and subject. The curves are averaged across 8 subjects for grasp and typing and 3 subjects for ASL. B| Visualization of example PCs. For each task, we show the 1 st and the 20 th PCs (in terms of variance explained). The 20 th PC accounts for less than one percent of the variance. previous findings (Figure 3A) [12, 35] . We then examined PCs with large and small eigenvalues ( Figure  3B ). In line with previous findings, the first two PCs of grasp and ASL involved opening and closing the hand, engaging mostly metacarpophalangeal (MCP) joint flexion/extension, some proximal and distal interphaleangeal joint flexion/extension (PIP and DIP), and some wrist flexion. One might expect PCs with small eigenvalues to reflect motor or measurement noise and thus be unstructured. Instead, examination of low-variance PCs (the 20 th , e.g.) revealed coordinated joint movements (e.g. ring PIP and MCP flexion in ASL, "pinch" flexion in type) that were systematically dependent on condition (Figure 3B) .
Task-and subject-dependence of the kinematic structure
Next, we compared the subspace of hand kinematics across tasks. To this end, we used a crossprojection similarity measure which gauges the extent to which PCs derived from the kinematics in one task account for the kinematics in the other, and vice-versa [11] . We found that the PC subspaces of all three tasks were more similar than would be expected by chance (two-sample t-test, DOF = 210, p = 9.29e-110) and that the kinematic subspace of ASL and Grasp was similar but differed from the kinematic subspace of typing (two-sample t-test, DOF = 110, p =2.58e-05) (Figure 4A) . We then gauged the degree to which the kinematic subspaces were similar across subjects using the same similarity measure and found that PC subspaces from the same task but different subjects were more similar to each other than were PC subspaces from the same subject but different tasks (paired t-test, DOF = 56, p = 1.65e-05) (Figure 4B) . That is, different tasks involve different kinematic structure but that structure is consistent across individuals (cf. [36] ). [42] . ASL and grasp occupy similar manifolds and typing is distinct from these. B| Mean subspace similarity within task/across subjects and the converse. Differences in kinematic manifolds are more pronounced across tasks than they are across subjects.
Structure of low-variance PCs
Having replicated previous results that (1) hand movements can be reconstructed with high precision using a reduced basis set and (2) the resulting synergies are consistent across subjects, we then examined whether the low-variance PCs were structured. We found that the kinematics projected on the low-variance PCs across repeated presentations of the same condition (same grasped object, same ASL letter) varied systematically with the grasped object or signed letter (Figure 5 A, B) , although this structure was noisier than that in the high-variance PCs, as might be expected (Figure 5 C, D) . In other words, even the low-variance PCs reflect structure rather than noise in the kinematics. The trajectories along all PCs were far more consistent than would be expected by chance (See Figure S1) .
To quantify the degree to which kinematics differed across conditions, we classified objects or letters using progressively reduced kinematic subspaces. We found that classification accuracy was above chance even after all but the last few PCs had been removed, and that high performance was achieved even with PCs which collectively accounted for less than one percent of the variance in kinematics (Figure 6 A, B) . A similar result was obtained when progressively removing LDA dimensions rather than PCs (Supplementary Figure 2) . Results from these classification analyses are thus inconsistent with the hypothesis that low-variance PCs reflect motor or measurement noise. Rather, these PCs seem to reflect subtle dimensions of movement that are under volitional control and contribute to the exquisitely precise pre-shaping of the hand to an object or to the detailed execution of a complex conformation as is required in ASL.
Structure of hand kinematics during grasp in monkeys
Next, we examined whether the hand kinematics of macaques matched that of humans during grasp. To this end, we tracked the hand movements of two monkeys as they grasped 35 different objects then assessed the dimensionality of their hand kinematics as described above. As was the case with the human hand, low-variance PCs supported classification performance well above chance (Figure 7 A,  B) . In contrast to humans, however, the two animals produced less object specific hand postures, i.e. exhibited a greater tendency to use similar postures for different objects (especially Monkey 2), though this may in part reflect a less diverse set of objects than was used in the human grasp task.
Figure 6.
Classification of condition (object, sign) based on kinematics in progressively reduced subspaces. A| Grasp classification performance after progressively removing PCs, from high variance to low. B| ASL classification performance with reduced kinematic subspaces. Vertical lines denote the PC beyond which less than 1% of the variance is accounted for. Note that objects and letters can be classified accurately based on just a handful of high-variance PCs (Supplementary Figure 4) .
Structure of neuronal representations in sensorimotor cortex during grasp
Time-varying angles of hand joints have been shown to be encoded by neurons in primary motor cortex (M1) [26, 37, 38] and whole hand posture can be accurately decoded from the responses of populations of M1 neurons [39, 40] . With this in mind, we examined the structure of the neural representations underlying grasp to assess the dimensionality of these representations. To this end, we recorded the responses of M1 neurons (Monkey 1: 63 neurons; Monkey 2: 61 neurons) while the two monkeys performed the grasping task. We then attempted to classify grasped objects based on spike counts in M1 and repeated this analysis with progressively reduced neuronal subspaces, as we had done with kinematics. Again, we achieved above chance performance even with dozens of PCs removed (Figure 7 C, D) . Thus, high-dimensional hand kinematics are accompanied by a highdimensional neuronal representation of hand posture in M1. Consistent with the hypothesized Figure 7 . Classification of grasped object based on kinematics and neural responses measured in monkeys. A| Classification performance vs. number of kinematic PCs removed for the two monkeys. B| Classification performance vs. number of neural PCs removed for the two monkeys. We calculated the spike counts of M1 neurons within a short time window before object contact, performed PCA on the responses, and then assessed classification performance with progressively reduced subspaces.
relationship between the dimensionality of hand kinematics and that of the underlying neuronal representation, the monkey with the more complex hand kinematics also exhibited the more complex neuronal representation.
DISCUSSION
The structure of hand kinematics depends on the manual behavior Examination of time-varying human hand postures revealed substantial differences in the structure of the kinematics across some tasks but not others. Specifically, grasping and ASL elicited hand movements with similar patterns of inter-joint correlations whereas typing yielded very different patterns. In fact, the kinematic structure was more similar across subjects than it was across tasks. This result challenges the notion that hand movements are constrained to a universal lower-dimensional manifold regardless of the behavior [9, 19, 23] . Indeed, ours is only a replication of the finding that different tasks involve different kinematic manifolds [11, 12, 41] .
Volitional hand movements are high dimensional
That the correlational structure of hand movements changes substantially across tasks argues against the hypothesis that hand movements universally occupy some lower dimensional manifold, reflecting a neural strategy to simplify hand control. However, one possibility is that hand movements are lowdimensional within any one task, and that manifold changes from task to task. Indeed, one hypothesis derived from (but not necessarily entailed by) optimal feedback control theory stipulates that the CNS defines low-dimensional manifolds of control to satisfy movement goals on a task-by-task basis, with motor noise being preferentially shunted into dimensions outside of such manifolds [42] [43] [44] . According to this hypothesis, the readout of grip type or ASL letter should be restricted to a lowerdimensional manifold than that afforded by the biomechanics of the hand. In other words, even though grasp and ASL spelling occupy a different manifold than does typing, those different manifolds should, themselves, be low-dimensional. However, classification based on subsets of principal components revealed that high-rank (e.g., 20-22) PCs contain substantial object-and ASL sign-specific information. Indeed, kinematic trajectories projected on high-rank PCs were highly consistent within condition and different across conditions (Supplementary Figure 1) . Such task-relevant information would not be present if such dimensions simply reflected motor or measurement noises, suggesting instead that volitionally controlled hand movements occupy a high dimensional space.
High dimensional neuronal representation reflect a complex control scheme
Consistent with their human counterparts, the grasp kinematics in rhesus macaques were found to be high dimensional, as evidenced by the fact that trajectories along low-variance PCs were highly object dependent. In light of this, we examined whether the underlying cortical representations might be similarly high-dimensional. Previous work to date [45] [46] [47] [48] has suggested that activity in primary motor cortex (M1) operates primarily within a low-dimensional manifold that may reflect volitional control of specific movement synergies [13, 15] . However, studies of M1 structure are often constrained to a low-dimensional task, e.g. reaching, which limits the apparent dimensionality of the M1 representation [49] . The neuronal activity evoked as monkeys performed a high dimensional manual task spanned a high-dimensional space. Indeed, as with the kinematics, both low-rank and high-rank PCs of neural activity carried object-specific information. In other words, the volitional control of grasp is high-dimensional and is supported by patterns of neural activity in M1 that occupy a highdimensional space.
Implications for the interpretation of synergies
High-dimensional kinematics do not imply wholly unconstrained control of the hand. Indeed, singlefinger movements attempted by monkeys [50] and humans [51] are never perfectly individuated: They comprise incidental movements of the other digits arising in part from co-contraction of musculature associated with other digits. Moreover, despite its potential for high-dimensional activity patterns, volitional control of patterns of M1 activity does not extend to all arbitrary co-activations among neurons [45] . Rather, our results imply that the dimensionalities spanned by volitional hand movements and associated patterns of M1 activity are higher than one might expect if the neural control of hand postures were reduced to a low-dimensional manifold, either universally or on a taskby-task basis, as a means to simplify the control problem. Moreover, the degree to which volitional movements of the hand are high dimensional relative to those of other effectors has been documented previously [16, [52] [53] [54] and is perhaps enabled by the abundance of specialized corticomotoneuronal projections from M1 to hand-related muscles in primates [6] . As such, our results are consistent with a specialized high-dimensional neural control strategy for the hand, indicating a different role (object manipulation) than that of other effectors.
Recent advances in large scale recordings of neuronal activity suggest that the notion that the nervous system would need to simplify manual control is fundamentally misguided. Indeed, sensory representations of natural scenes in primary visual cortex (V1) eclipse 500 dimensions [55] , an order of magnitude more than the implied representations of hand postures. Nonetheless, visual percepts are highly intuitive and complex objects can be identified accurately, rapidly, and effortlessly [56] . In comparison, motor control is positively simple!
